ABSTRACT
INTRODUCTION
Multi-criteria or multi-objective (MO) scenarios have become increasingly prevalent in industrial engineering environments (Statnikov & Matusov, 1995; Zhang and Li, 2007; Li and Zhou, 2011) . MO optimization problems are commonly tackled using the concept of Pareto-optimality to trace-out the nondominated solution options at the Pareto curve (Zitzler & Thiele, 1998; . Other methods include the weighted techniques which involve objective function aggregation resulting in a master weighted function. This master weighted function is then solved for various weight values (which are usually fractional) (Fishburn, 1967; Triantaphyllou, 2000; Luyben. & Floudas, 1994; Das & Dennis, 1998) . Using these techniques, the weights are used to consign relative importance or priority to the
INDUSTRIAL MULTIOBJECTIVE OPTIMIZATION
Over the past years, MO optimization has been introduced and applied into many engineering problems. Some of these developments shall be briefly discussed in the following. In Aguirre et al., (2004) , a MO evolutionary algorithm with an enhanced constraint handling mechanism was used to optimize the circuit design of a Field Programmable Transistor Array (FPTA). The authors used the Inverted Shrinkable Pareto Archived Evolution Strategy (ISPAES) for the MO optimization of the circuit design. Another MO problem involving engineering design was solved by Reddy and Kumar, (2007) . In that work, a MO swarm intelligence algorithm was developed by incorporating the Pareto dominance relation into the standard particle swarm optimization (PSO) algorithm. Three engineering design problems, the 'two bar truss design (Palli et al., 1999) ', 'I-beam design (Yang et al., 2002) ' and the 'welded beam design (Deb et al., 2000) ' problems were successfully solved in Reddy and Kumar, (2007) . In the area of thermal system design, the MO optimization of an HVAC (Heating, Ventilating, AirConditioning and Cooling) system was carried out by Kusiak et al., (2010) . In that work, a neural network was used to derive the MO optimization model. This model was then optimized using a multi-objective PSO algorithm (MOPSO) . Using this algorithm, the authors identified the optimum control settings for the supply air temperature and static pressure to minimize the air handling unit energy consumption while maintaining air quality. On the other hand, in materials engineering, the MO optimization of the surface grinding process was carried out by Pai et al., (2011) . In that work, the enhanced version of the Nondominated Sorting Genetic Algorithm (NSGA-II) was employed to optimize the machining parameters of the grinding process to increase the utility for machining economics and to increase the product quality (Azouzi & Guillot, 1998) . Another application of the NSGA-II algorithm to engineering system design was done in Nain et al., (2010) . In Nain et al., (2010) , the authors optimized the structural parameters (area and length of the TEC elements) of the Thermoelectric Cooler (TEC). The Coefficient of Performance (COP) and the Rate of Refrigeration (ROR) was successfully maximized in that work.
Recently, MO optimization methods have also penetrated the power and energy industries. For instance, in Van Sickel et al., (2008) , the MO optimization of a fossil fuel power plant was done using multi-objective evolutionary programming (MOEP) and the multi-objective particle swarm optimization (MOPSO) algorithms. The MO techniques in that work were done to develop reference governors for power plant control systems. Another work on the MO optimization of reference governor design for power plants was done by Heo and Lee, (2006) . In that work, PSO variant algorithms were used to find the optimal mapping between unit load demands and pressure set point of a fossil fuel power plant. By this approach, the optimal set points of the controllers under a large variety of operation scenarios were achieved. Similarly, in the works of Song and Kusiak (2010) , temporal processes in power plants were optimized using MO techniques. In that work, the central theme was to maximize the boiler efficiency while minimizing the limestone consumption. Two approaches; the Data Mining (DM) and evolutionary strategy algorithms were combined to solve the optimization model. In Song and Kusiak, (2010) the MO optimization of temporal dependent processes were successfully completed by identifying the optimum control parameters. One other area at which MO optimization has been applied with considerable success is in the field of economic/environmental dispatch for power systems. For instance, in the works of Gunda and Acharjee, (2011), an MO economic/environmental dispatch problem was solved using the Pareto Frontier Differential Evolution (PFDE) approach. By using this technique, the authors managed to minimize the fuel consumption and emissions with minimal energy loss. This triple-objective problem was successfully solved without the violation of the system's security constraints. Another similar problem was tackled in King et al., (2005) . In that work, power generation optimization was done to minimize the total fuel costs as well as the amount of emission.
PARETO FRONTIER AND DOMINANCE LEVELS
To get a clearer picture of the idea the Pareto-compliance, the concepts of Pareto dominance needs to be defined. Pareto dominance can be categorized into three types which are; strictly dominates (  ), Finally, if the solution vector a does not dominate the vector b and the solution vector b does not dominate a as well in all the objectives, then a is indifferent to b (a ~ b). Strictly Pareto-compliant can be defined as the following: Let there be two solution sets say; X and Y for a specific MO problem. If the hypervolume coverage for X is greater than Y, then the solution set X  Y or X  Y. The hypervolume measures the volume of the dominated section of the objective space and can be applied for multidimensional scenarios. Implementation of the hypervolume requires a reference point or a 'nadir point'. The nadir point is a point which is dominated by all the solutions from the approximate Pareto frontier. Relative to this point, the volume of the space of all dominated solutions can be computed. A bi-objective depiction of the hypervolume is given in Figure The larger the value of the hypervolume, the more dominant the solution is in the objective space. The hypervolume is strictly monotonic. Its computational effort is exponential to the amount of solution vectors however requires a bounding vector (nadir point).
PROBLEM DESCRIPTION
The model for MO problem considered in this work was developed by Shashi et al., (2010) . This problem involves the optimization of the yields of certain chemical products which are extracted from the Gardenia Jasminoides Ellis fruit. The phenolic compounds in Gardenia Jasminoides Ellis have high antioxidant capabilities which make this fruit valuable for medicinal uses (Li et al., 2008) . Compared to other natural food pigments, the colouring constituents of the fruit of Gardenia are non-toxic and chemically stable (Van Calsteren et al., 1997) The constituents present in the Gardenia fruit (Osima et al., 1988) are iridoid glycosides (for instance; gardenoside, geniposide, gardoside and scandoside methyl ester). These constituents could be converted into blue colorants under aerobic condition by enzymes or some microorganism. The Gardenia fruit extract in its rudimentary form also contains phenolic compounds high antioxidant capacity in abundance (Li et al., 2008) . The MO optimization model in Shashi et al., (2010) was for the extraction process of bioactive compounds from gardenia with respect to the constraints. The MO optimization model was developed to maximize the yield consists of three bioactive compound; crocin (f 1 ), geniposide (f 2 ) and total phenolic compounds (f 3 ). This model is presented as the following:
subject to process constraints.
(
The objective functions represent the yields of each of the bioactive compound in the units of mg/g of dry powder as in Shashi et al., (2010 
The decision variables (which the process extraction parameters) are constrained as per the experimental setup described in Shashi et al., (2010) . The constraints are as the following:
where X 1 is the concentration of ethanol in %, X 2 is the extraction temperature in o C and X 3 is the extraction time in minutes.
NORMAL BOUNDARY INTERSECTION METHOD
The NBI method (Das and Dennis, 1998 ) is a geometrically-inspired scalarization technique for solving MO optimization problems. As opposed to the Weighted Sum Method, the NBI method searches for a near-uniform spread of Pareto-optimal solutions in the frontier. This makes the NBI approach a more interesting alternative as compared to the Weighted Sum Method when solving non-convex MO problem. Given a generic triple-objective MO optimization problem:
where F* is the utopia point for this MO problem. The individual minimum denoted as x* i is obtained for
. This way the the simplex for the convex hull of the individual minima is generated:
where  forms a 3 x 3 matrix and
Thus, the  -sub problem is then constructed as follows:
where t is the distance parameter, and n is the normal vector at the point towards the utopia point. Thus, the NBI approach aims to search for the maximum distance, t in the direction of the normal vector, n . This distance, t is thus between a point on the simplex and the utopia point. Then the scalar values, Z are then varied systematically to develop a near-uniform spread of the Pareto frontier.
SWARM INTELLIGENCE
In the field of optimization, an artificial swarm is a group of virtual organisms or agents that behave interactively to achieve some pre-defined goal. This form of interaction gives the individuals higher capabilities as well as better efficiency in achieving the goal as compared to a single individual. In this work, two conventional swarm-based techniques (GSA and PSO) are employed. In addition, an enhanced version of the conventional PSO approach (Ho-PSO) is developed and implemented on the extraction process problem.
Particle Swarm Optimization
The PSO algorithm was originally proposed by Kennedy and Eberhart (1995) . This technique springs from two distinct frames of notions. The first notion was based on the investigation of swarming or flocking behaviors among some species of organisms (such as; birds, fishes, etc.). The second idea was inspired by the field of evolutionary computing. The PSO algorithm operates by exploring the search space for optimal candidate solutions and then evaluates these solutions with respect to some user defined fitness condition. The candidate optimal solutions obtained by this algorithm are achieved as a result of particles which are swarming through the fitness landscape. The velocity and position updating rule is critical to the optimization capabilities of this technique. The velocity and the position of each particle are updated using the following equations:
where each particle is identified by the index i, v i (t) is the particle velocity and x i (t) is the particle position with respect to iteration (t). The terms,
 represent the personal and social influence respectively. These terms control the level of exploration and exploitation of the PSO algorithm during the search process in the objective space. The parameters w, c 1 and c 2 are defined by the user while r 1 and r 2 are random variables. These parameters are typically constrained with the following ranges:
The stopping criterion is satisfied when all particles/candidate solutions have reached their fittest positions during the iterations. The execution procedures of the PSO technique and the initial parameters used in this work are shown in Algorithm 1 and Table 1 respectively.
Algorithm 1: Particle Swarm Optimization (PSO) Algorithm
Step 1: Initialize no of particles, i and the algorithm parameters w, c 1 ,c 2 , r 1 , r 2 ,n o
Step 2: Randomly set initial position x i (t) and velocity, v i (t)
Step 3: Compute individual and social influence
Step 4: Compute position x i (t+1) and velocity v i (t+1) at next iteration
Step 5: If the swarm evolution time, t > t o +T max , update position x i and velocity v i and go to Step 3, else proceed to Step 6
Step 6: Evaluate fitness swarm.
Step 7: If fitness criterion satisfied, halt and print solutions, else go to step 3. (3, 4, 5, 6, 7, 8) In the event the position of all the particles converges during the iterative process, the solutions are considered feasible if:
 The specified ranges are respected and no constraint violation exists.  All the decision variables are non-negative  No further optimization of the objective function occurs Therefore, based on these criteria it can be said that the fitness requirements have been met. The candidate solutions are hence at their fittest and in effect the program is stopped and the solutions are printed.
Gravitational Search Algorithm
The GSA algorithm is a meta-heuristic algorithm first developed by Rashedi et al., (2009) . This technique was developed by the using the gravitational laws and the idea of masses interactions as the basis. This algorithm uses the Newtonian gravitational laws where the search agents act as masses. Therefore, the gravitational forces influence the motion of these masses, where lighter masses gravitate towards the heavier masses during these interactions which signify the algorithm's progression towards the optima. The GSA algorithm randomly generates a distribution of masses, m i (t) and also sets the position for these masses, x i d at the initial stages. For a minimization problem, the least fit mass, 
Then the gravitational constant, G(t+1) and the Euclidean distance R ij (t) is computed as the following:
where  is some arbitrary constant and T max is the maximum number of iterations, x i (t) and x j (t) are the positions of particle i and j at time t . The interaction forces at time t, F ij d (t) for each of the masses are then computed:
where  is some small parameter. The total force acting on each mass i is given in a stochastic form as the following:
where rand(w j ) is a randomly assigned weight. Consequently, the acceleration of each of the masses,
After the computation of the particle aceleration, the particle position and velocity is then calculated:
where rand(w j ) is a randomly assigned weight. The iterations are then continued until the all mass agents are at their fittest positions in the fitness landscape and some stopping criterion which is set by the user is met. The GSA algorithm is presented in Algorithm 2 and the parameter settings are given in Table 3: Algorithm 2: Gravitational Search Algorithm (GSA)
Step 1: Initialize no of particles, m i and initial positions, x i (0)
Step 2: Initialize parameters: G(0) ,  .
Step 3: Compute gravitational & inertial masses based on the fitness map
Step 4: Compute the gravitational constant, G(t)
Step 5 
Hopfield-Enhanced Particle Swarm Optimization
The HoPSO employed in this work merges the ideas from the Ising spin models (Amit et al., 1986) , the Hopfield Neural Networks (HNN) (Hopfield, 1982; Hopfield, 1984) and the PSO technique. The Ising model is a ferromagnetism model in statistical physics developed by Ernst Ising in 1925 (Dyson, (1969) ). This model is constructed based on the concept that atomic configurations can be represented in terms of magnetic dipole moments (atomic spins -the quantization of magnetism) which are in either in state +1 or -1. These spin interactions are localized to their closest neighbour and are usually in a lattice arrangement. The central idea of the Ising model is to detect phase transitions in real substances. Hence, repetitive magnetization would under certain circumstances and after a period of time would cause the total energy of the magnetized material to converge into local minima.
The statistical physics models developed in the Ising model (Dyson, 1969) then inspired the development of a new type of neural net called the Hopfield Recurrent Artificial Neural Network (HNN) with improved convergence properties. The HNN was developed in 1982 by Hopfield, (1982) and Hopfield, (1984) . These neural nets observed to have applications in optimization problems (for instance in Lee, Sode-Yome et al., (1998) and Tank & Hopfield (1986) ).
One of the key features of the HNN is that there is a decrease in the energy by a finite amount whenever there is a change in the network's state. This essential property confirms or accentuates the convergence of the output whenever the network state is changed. HNNs are usually constructed by a finite number of interlinked neurons. These neurons update their weights or their activation values (outputs from threshold neurons) independently relative to other neurons in the network. It is important to take note that the neurons in these sorts of networks are not directly connected to themselves and each neurons function as an input as well as output. In HNNs, the activation values are usually binary (+1 or -1) and all the weights of neurons are symmetric (w ij = w ji ).
In this work, the ideas of discreet magnetic spin as well symmetric weight assumptions (from the Ising spin model) that were used in the HNN are applied to the PSO algorithm to improve its convergence capabilities. Similarly, a set of random weights w ij was initialized and the symmetric property was imposed. Then, the modification of the particle position update equation in the PSO algorithm was done:
where x i (t) is the particle position and v i (t) is the particle velocity and t is the iteration counter. The weight previously defined is then introduced as a coefficient that dampens the position of the previous iteration such as the following:
The particle position at the next iteration is computed in the following piece-wise form:
where U is the threshold which user-defined. Then the energy function is defined as follows:
where  is the coefficient which user-defined. This way the PSO algorithm is iterated until the total energy of the system reaches its local minima. To detect the instance when the HoPSO has reached the local minima, the difference between the energy levels at two consequent states is computed as follows:
where n is the index that denotes the states. Thus, a new variant for the PSO algorithm is developed which in this work shall be termed as Hopfield PSO (HoPSO) 
(t) and velocity v i (t)
Step 3: Randomly initialize weights, w ij (t)
Step 4: Enforce symmetry condition on weights
Step 5: Calculate cognitive and social components of the particles
Step 6: Compute position x i (t+1) and velocity v i (t+1) of the particles at next iteration
Step 7: Compute energy function
Step 8: Proceed with the evaluation of the fitness of each particle in the swarm.
Step 8: If the energy difference between states are < 0, proceed to Step 9 else go to Step3.
Step 9: If the fitness conditions are satisfied and t < T max , stop program and print solutions, else go to Step 3. 
t = t +1
The parameter settings specified in the HoPSO algorithm in this work is as in Table 4 : 
MEASUREMENT INDICATORS 1. Convergence Metric
The convergence metric (Deb & Jain, 2002) was developed to measure the degree of convergence of a solution set relative to a reference/basis set. Since the Pareto optimal frontier was not known, a target vector P * which is the most dominant vector was employed as the reference set. For a set of solutions, the formulation to compute the convergence metric for a single run of the program is as follows: (29) where i and j denotes the subsequent objective function values, k is the index which denotes the objective function, f k max is the maximum objective function value, f k min is the minimum objective function value and M denotes the overall number of objectives. For this convergence metric, low the metric values indicate high convergence characteristics among the solution vectors.
Hypervolume Indicator
One approach that has been effective in measuring the quality of the solution set that constructs the Pareto-frontier in cases where the Pareto frontier is unknown is the Hypervolume Indicator (HVI) (Zitzler & Thiele, 1998) . The HVI is a Pareto-compliant gauge that is employed for the measurement of the quality of solution sets in MO optimization problems (Zitzler & Thiele, 1998; Beume et al., 2007) . Pareto-compliance is defined as follows:
Let two solution sets exists such that these sets are produced by some arbitrary algorithm for a particular MO problem. Then the property of Pareto compliance implies that the indicator would consistently produce a higher value for one of the solution set only if that solution set strictly dominates the other.
In the past couple of years, many investigations were conducted on methods to apply evolutionary algorithms to MO problems. Besides, many ideas have also been proposed on methods to attain a good solution spread over the Pareto frontier. Unfortunately, in all these works, the optimization goal remains fuzzy since there is no established technique to measure the quality of a solution set produced by any MO algorithm (especially in cases where there are more than two objectives). The impact of this issue magnifies especially in real-world problems where it is often that the Pareto frontier is unknown (unlike theoretical test functions where the Pareto frontier is known and can be used to benchmark the solution quality). Recently, this indicator has been frequently applied in many works involving MO problems. The HVI is the only indicator which is strictly Pareto-compliant that can be used to measure the quality of solution sets in MO optimization problems. To get a clearer picture of the idea the Pareto-compliance, the concepts of Pareto dominance needs to be defined. Pareto dominance can be categorised into three types which are; strictly dominates (  The HVI measures the volume of the dominated section of the objective space and can be applied for multi-dimensional scenarios. When using the HVI, a reference point needs to be defined. In this work, we define a 'nadir point'. The nadir point is a point which is dominated by all the solutions from the approximate Pareto frontier. Relative to this point, the volume of the space of all dominated solutions can be computed. The HVI of a solution set x d  X can be defined as follows: In this work the HVI is used to measure the quality of the approximation of the Pareto front by the solution sets produced by the algorithms when used in conjunction with the NBI approach. In this work the HVI is used to measure the quality of the approximation of the Pareto front by the swarm algorithms when used in conjunction with the NBI framework.
COMPUTATIONAL RESULTS & ANALYSIS
In this work, the Pareto frontier is constructed using the solution set produced by the swarm algorithms. In this work, 27 solution points were produced by all the algorithms for the construction of the Pareto frontier. The algorithms presented in this work were executed on a 2GHz Intel dual-core processor. The dominance levels of these solutions were measured using the HVI. The nadir point selected in this work is (r 1 , r 2 , r 3 ) = (0, 0, 0). The individual solutions with their designated weights produced by the GSA and the PSO algorithms were gauged with the HVI and the ranked solutions were determined. These individual solutions for both the algorithms and their respective dominance levels are shown in Table 4 and 5 respectively. The associated weights for the best, median and worst solution for the GSA and PSO algorithms are shown in Table 6 : Similar to the GSA and PSO algorithms, the individual solutions for the HoPSO technique and the respective dominance levels are given in Table 7 . The associated weights (w 1 , w 2 , w 3 ) for the best, median and worst solutions produced by the HoPSO technique are ( (28) It can be observed using the HVI that the best solution obtained by HoPSO algorithm dominates the best solution produced by the PSO and GSA algorithms by 1.367% and 291.192%. The comparison of the best candidate solutions obtained by the methods employed in this work against the PSO method in Shashi et al., (2010) is shown in Table 8 . In Table 8 , it can be observed that the best solutions produces by HoPSO and PSO algorithms used in this work are more dominant than the real-coded GA approach (Shashi et al., 2010 ) by 1.5005% and 0.1314% respectively . The HVI computed for the entire frontier of each solution set produced by an algorithm gives the true measure of dominance when compared with another algorithm. In this work, the HVI for the entire frontier was computed for each of the algorithm. The execution time for the GSA, PSO and the HoPSO algorithms to generate the entire frontier are 9.588, 13.113 and 13.268 seconds respectively. The HVI for the entire frontier for the solution sets produced by all the algorithms in this work is shown in Figure As seen in Table 7 , the individual best solution of the HoPSO technique maximizes all the objectives f 1 , f 2 and f 3 very effectively as compared to the solutions obtained by using the GSA and PSO algorithms. Thus, it can be said that the HoPSO method in this work outweighs the overall optimization capabilities of PSO, GSA and the real-coded GA (Shashi et al., 2010) . The HVI values are show in Table 7 . The HoPSO technique takes the longest computational time to produce the entire Pareto frontier followed by the PSO and GSA methods. The HoPSO algorithm produces Pareto frontier with the highest level of dominance. However, due to high algorithmic complexity it sacrifices computational time the most as compared to the GSA and PSO methods. As can be seen in Figures 4 and 5 , the frontiers produced by the PSO and HoPSO algorithms are more uniform and diversely spaced in the objective space as compared to the GSA algorithm in Figure 3 . The frontier produced by the GSA algorithm seems to be confined to certain regions in the objective space. Thus, the solution spacing seems to heavily influence the ability of the algorithm to approximate the Pareto frontier dominantly. Localized solutions on the frontier such as the ones produced by the GSA algorithm omit some of the solutions in the objective space. This in effect causes the GSA algorithm to have a lower level of dominance as compared to the PSO and HoPSO algorithms.
In Figure 7 , it can be observed that the Pareto frontier produced by the HoPSO method has a higher level of convergence as compared to the PSO technique. In this case, it could be inferred that the level of convergence as well as the level of dominance of the HoPSO algorithm is higher than that of the PSO technique. Therefore, in a post-analytical sense, it can be said that the level of convergence may be one of the properties of the objective space which is interlinked to the level of dominance.
CONCLUSIONS
In this work, a new optimal solution as well as a dominant Pareto frontier was achieved by the HoPSO method (refer to Table 7 and Figure 6 ). The HoPSO technique outperforms the GSA, PSO and the realcoded GA (Shashi et al, 2010) methods. Thus, it can be said that the HoPSO method in this work outweighs the overall optimization capabilities of GSA and PSO techniques (refer to levels of dominance in Figure 6 ). In this work, it can be seen that the level of convergence is interconnected to the level of Pareto dominance. Due to this, the Hopfield enhancement in the HoPSO technique improves the generation of convergent solution which in effect increases the dominance level of the solutions. In this work, the swarm intelligence algorithms performed stable computations during the program executions.
All Pareto-efficient solutions produced by the algorithms developed in this work were feasible and no constraints were compromised. One of the advantages of using the swarm-based algorithms as compared to the other algorithms used in this work is that it produces highly effective results in terms of approximating the Pareto frontier and is computationally efficient.
FUTURE RESEARCH DIRECTIONS
In future works, other measurement metrics such as spacing or diversity metrics could be employed and the relations between the levels of dominance (using the HVI could be obtained. As mentioned in , understanding the structure of the objective space is critical when developing algorithmic enhancements. Keeping this purpose in mind, testing MO with a wide range of algorithms and measurement metrics would improve our understanding on the problem morphology which would in effect provide insight on approaches to enhance our algorithms to achieve the global or near-global optima.
In addition, hybridization procedures (Elamvazuthi et al., 2011) could also be utilized and compared with algorithmic enhancement approaches. This way, critical differences in terms of performance and solution quality may be identified. Besides, the approach employed in this work could also be extended towards problems containing various uncertainties (Vasant, et al., 2010; Ganesan et al., 2014) .
LIST OF SYMBOLS

Symbols Description G(t)
Gravitational constant (GSA) Optimization problems which are represented with more than one objective functions.
 Metaheuristics
A framework consisting of a class of algorithms employed to find good solutions to optimization problems by iterative improvement of solution quality.
 Normal Boundary Intersection
A solution method where a multiobjective optimization problem is geometrically reduced to a beta-sub problem and then solved as a weighted single objective optimization problem.
 Measurement metrics
Mathematical metrics used to identify and measure solution characteristics such as; degree of convergence, diversity and dominance.
 Particle Swarm Optimization (PSO)
A type of metaheuristic algorithm that uses concepts from swarming behavior of organisms to search for optimal solutions.
 Gravitational Search Algorithms (GSA)
A type of metaheuristic algorithm integrates ideas from Newtonian gravitational laws to search for optimal solutions in the objective space.
 Hopfield-Enhanced Particle Swarm Optimization (HoPSO)
A novel swarm intelligence technique which integrates concepts from the Hopfield Neural Nets and swarming behavior of organisms to improve the solution dominance of the standard PSO when solving multiobjective problems.
 Gardenia Jasminoides Ellis
A fruit that produces chemical products such as crocins, geniposide and the phenolic compounds which are widely used in the food industry as a natural food colorants (dyes). These compounds also have high antioxidant capabilities which make this fruit valuable for medicinal uses.
